Motivation: Biomedical entities, their identifiers and names, are essential in the representation of biomedical facts and knowledge. In the same way, the complete set of biomedical and chemical terms, i.e. the biomedical ''term space'' (the ''Lexeome''), forms a key resource to achieve the full integration of the scientific literature with biomedical data resources: any identified named entity can immediately be normalized to the correct database entry. This goal does not only require that we are aware of all existing terms, but would also profit from knowing all their senses and their semantic interpretation (ambiguities, nestedness).
Introduction
Biomedical research has developed into a data-driven scientific domain that profits from knowledge discovery methods [1] . Data interoperability is paramount to make efficient use of the public distribution of resources and to achieve assessment of proprietary data against public content with little overhead costs. In the best case, data integration uses the model of a virtual knowledge broker which benefits from public standards and would also include the scientific literature [2] .
''Lexeome'': the Biomedical Term Space
In particular the integration of the scientific literature with the biomedical data resources requires specific semantic resources that normalize entity mentions, i.e. protein and gene names (PGNs), diseases, chemical entities, to database entries [3] . More in detail, standardized terminological resources such as the BioLexicon contribute to the integration work, since they give an overview on the scope of biomedical terminologies and enable the transformation of the literature into a standardized representation, where the database content is aligned with the literature semantics [4] . In other words, the literature conveys database semantics through referencing of database entries (called ''semantic enrichment of the scientific literature'').
The full set of biomedical entities, their baseforms and term variants would form the term space (the ''Lexeome''). Certainly the number of terms should correlate with the number of entities and the number of names should be limited, if the number of entities is. On the other side, the proportion of synonyms per entity is unknown, and also the relevance of terms from one domain to another has not been explored, although it can be expected that terms will contain references to other terms where possibly both terms may even belong to different semantic domains. For example, ''4-hydroxybenzoate polyprenyltransferase'' (UniProt:-COQ2 YEAST) is an enzyme that requires the substrate ''4-hydroxybenzoate'' (ChEBI:17879). Many more such references can be expected across the Lexeome as has been demonstrated by the CALBC project [5] .
In addition, the researchers in biomedical ontologies have already acknowledged that the compositional representation of concept labels would improve the consistency data representations and the reuse of resources. The decomposition of terms and the post-compositional representation of concepts has in particular been acknowledged for the representation of phenotypes in humans and mice [6] . Studies based on the gene ontology (GO) have shown that a number of compositional structures are quite frequent and that the identification of the compositional patterns can improve the quality of the curation process and the ontological resource overall [7, 8] . At a smaller scale, similar analyses have been applied to the medical terminology to improve its quality, and in principle we could generate tree-based compositional structures to named entities, but would expect a high degree of complexity for the biomedical scientific domain [9, 10] .
Nowadays, the baseforms and term variants are provided from scientific databases and -to a lesser degree -from ontological resources, but little attention has been put to the development, description and analysis of the Lexeome. A terminological resource which is expected to cover the Lexeome will deliver a number of advantages. First, novel terms can be assessed against the Lexeome to avoid ambiguity and redundancy; second, compositional terms can be decomposed and analyzed for their expressiveness in comparison to existing concept labels just like post-compositional concept labels; third, terms from the scientific literature can be referenced to one or many existing terms; and finally, the information from the Lexeome can be used to disambiguate existing terms (see Wordnet usage).
Referencing data. Reaching beyond biomedical data integration including the scientific literature, recent visionary developments propose to expose results and findings early on as factual statements in a fixed format (''nanopublications'', ''proto-ontologies'', ''microparadigms'') and where any data set should have the potential to be referenced and reused electronically from any world-wide access point (digital object identifiers, DOIs for data) [11] [12] [13] [14] . The representation of the data either follows data formats or requires meta-data for the correct annotation of its origins and experimental settings, but then contributes to the generation and evaluation of hypotheses [15, 16] . These requirements initiated the development of terminological and ontological resources, for example the Unified Medical Language System (UMLS) for the clinical and biomedical domain, the development of ontological resources such as the Gene Ontology (GO) for the representation of conceptual knowledge and eventually the generation of semantic resources that span several domains [4, 17, 18] .
Biomedical Data Resources
The biomedical research community has established primary data resources serving as a standard for biomedical-chemical entities and concepts: UniProtKb (http://www.ebi.ac.uk/uniprot) and EntrezGene (http://www.ncbi.nlm.nih.gov/gquery) for protein and gene entities, Interpro (http://www.ebi.ac.uk/interpro/) for protein families, the NCBI (National Center for Biotechnology Information, http://www.ncbi.nlm.nih.gov) taxonomy for species, and ChEBI (Chemical Entities of Biological Interest, http://www. ebi.ac.uk/chebi/) for chemical entities [19] [20] [21] [22] . The provided names serve as a baseform (and term variants) for the data entry and are frequently reused for alternative data entries within the database (called ''ambiguity'') or in other databases (called ''polysemy'') [23] . The ambiguous use of gene and protein names (PGNs) for orthologous entities induces confusion, if the species resolution is required, but improves reuse of scientific data and literature across species [24] [25] [26] . The same is true for the polysemous use of disease terms with reference to a species, e.g. HIV (human immunodeficiency virus) for the virus and for AIDS (acquired immune deficiency syndrome) caused by the virus [5] . The efficient use of terminological resources helps to mimic human understanding through resolving conflicting interpretations [4] . Available terminological resources. It is a common approach that a researcher in the text mining domain would collect terms from the described resource, extract the terminology and would use it for text mining or any other data analysis [27] [28] [29] [30] [31] . A common format to the different resources and the integration of the terms across the resources would contribute to the interpretation of research results, if the resource has been used in the research [4, 32] .
Terminological resources have been proposed for the medical domain, i.e. resources such as the MetaThesaurus and the collection of resources in UMLS [17] . The former is geared towards natural language processing solutions in the medical domain and provides linguistically relevant information. The latter collects and distributes a large number of terms from different resources, but does not integrate them consistently across resources nor resolves the diversity in the license agreements to a unified model. In particular, the use of the biggest and most relevant disease terminology, i.e. Snomed-CT, is limited, since the license agreement allows broad usage only in selected countries which do cover the costs of the country-wide license agreement.
Ontological resources are openly available from the Foundry of Open Biomedical Ontologies, but these resources represent conceptual knowledge in contrast to entity representation as delivered from the biomedical data resources [33] . The BioThesaurus has been produced to gather all PGNs and has developed into a comprehensive resource, however other biomedical and chemical entities are not covered and even the references to enzyme databases and protein families have not been included [32] . The BioLexicon collects terms from different resources and harmonizes the representation, but does not interlink the entities nor includes statistical information from the term usage across literature resources [4] . Jochem is a collection of chemical terms and again the interlinking and cross-comparison with other data resources has not been performed [34] .
Additional semantic and terminological resources have already been provided for other domains, for example Wordnet for general English use and Bablenet for multilingual use [35, 36] . Both enable researchers to develop information technology that can deal efficiently with natural language, but neither one is designed to support biomedical applications. Altogether, several resources are in place for different tasks, but a comprehensive standardized terminological resource has not yet been produced in the biomedical domain that gives insights in the distribution and usage of the existing terms.
Requirements for a Terminological Resource
A terminological resource in the biomedical domain has to integrate semantic types such as genes/proteins, chemical entities, species, diseases and others. Furthermore, it has to cope with complex constructs, since the scientific language anticipates data. LexEBI is the first solution that would serve this purpose in the biomedical domain. A terminological resource should not only deliver the known terms and the term variants but also additional information, for example information about the usage of terms in the literature or references to related terms, such as different meanings to the same term or the occurrence of a term as part of another term. The BioLexicon is a terminological resource that does deliver a wide range of terms, but is not complete, i.e. lacking medical terms and a significant portion of the chemical terms, and also not crossreferenced between all resources, whereas the BioThesaurus only contributes PGNs [4] .
LexEBI contains (1) the full scope of biomedical-chemical relevant terms, (2) abbreviations and their long forms from the scientific literature, and (3) frequency information from the scientific literature. All terms have been cross-compared across the different resources and cross-references are provided as part of the terminological resource.
The terminological resource provides valuable services to the text mining and data integration community. 
Methods

Publicly Available Resources
LexEBI has been generated from a number of resources that deliver terms or literature content. Two different versions of LexEBI are available that exploit Biothesaurus 6.0 ''GP6''; distribution from June 1, 2009) and Biothesaurus 7.0 (''GP7''; June 29, 2010) [32] . We took both versions of the Biothesaurus into consideration, since they differ in their content. Our comparison leads to an improved understanding how complete the compiled resources such as the Biothesaurus are with regards to the contained entities: the smaller resource may be more concise and the larger resource may contribute more term variants of lesser importance. For example, GP7 is larger than GP6 but the increase in size is mainly due to a larger number of term variants which even decreases the performance of PGN tagging solutions [37] .
For UniProtKb the release 2010 06 (from June 15, 2010) has been used [19] . Table 1 gives an overview on the overall number of extracted terms. For the literature resources, the British National Corpus (BNC) version 1.0 (released on May 1995) and the PubMed distribution (from Oct 11, 2010) has been used. Interpro version 27, Jochem version 1.0, ChEBI in its release 64 and the release 2010AA of UMLS have been exploited for the presented analyses [34, 38] .
Extraction of Terms from the Primary Database Resource
The primary resource was processed for the extraction of the contained terms. For the BioThesaurus, the clusters of terms and the term variants were extracted [32] . Terms representing less meaningful names such as ''hypothetical gene'', ''putative gene'', ''probable gene'', ''possible gene'' and single numbers have been removed, since these terms do not convey any characteristics describing a specific gene or protein entity; they denote sequence similarity between a potentially novel gene and an existing gene. For a detailed description of the morphological features and the semantics of PGNs please refer to [37] .
The concept identifiers of each term from each resource have been kept for later reference purposes. The species reference was as well maintained and integrated as a reference to the species mention. All term variants for a given concept have been organised in a single cluster, where the preferred term gives the baseform of the cluster. In the same way, the terms from ChEBI, Jochem, IntEnz, and the NCBI taxonomy have been extracted and processed (see the following example) [39] :
,Cluster clsId = "CHEBI-CHEBI:32" semType = "CHEBI". ,Entry entryId = "CHEBI-CHEBI:32-1" baseForm = "(+)-Nmethylconiine" type = "PREFERRED".
,PosDC posName = "POS" pos = "N"/. ,SourceDC sourceName = "CHEBI" sourceId = "-CHEBI:32"/. ,Variant WRITTENFORM = "(2S)-1-methyl-2-propylpiperidine" type = "orthographic"/.
,Variant WRITTENFORM = "Methylconiine" type = "orthographic"/.
,Variant WRITTENFORM = "C9H19N" type = "orthographic"/.
,Variant WRITTENFORM = "CCC[C@H]1CCCCN1C" type = "orthographic"/.
,Variant WRITTENFORM = "InChI = 1/C9H19N/c1-3-6-9-7-4-5-8-10(9)2/h9H,3-8H2,1-2H3/t92/m0/s1" type = "orthographic"/. ,DC att = "KEGG COMPOUND accession (KEGG COM-POUND" val = "C10159)"/.
,DC att = "CAS Registry Number (KEGG COMPOUND" val = "35305-13-6)"/.
,DC att = "CAS Registry Number (ChemIDplus" val = "35305-13-6)"/.
,DC att = "Beilstein Registry Number (Beilstein" val = "79936)"/.
,Relation type = "has-parent-hydride" target = "CHEBI-CHEBI:28322"/.
,/Entry. ,/Cluster. Furthermore, the UMLS terminological resource has been processed to extract relevant terms characterizing protein, gene and chemical entities. The terms have been filtered using their type assignments and terms from the following categories have been extracted: (1) antibiotic and neuroreactive substances, (2) biologically active substances, (3) enzymes, (4) lipids and carbohydrates, (5) pharmacological active substances, and (6) vitamins and hormones. Other categories such as disease and disorder and immunological factors have been ignored. The order of categories has been applied, if one category had to be selected from a dual assignment. Our manual evaluation ensured coherence across the selected categories. The cross-comparison of chemical entities and proteins/genes against these categories gives a categorization of terms according to UMLS and can be exploited whenever named entities have to be interpreted for a particular biomedical reason, e.g. as a lipid or a hormone.
Extraction of Disease Terms from Medline
Medline is a rich source of disease terminology that can be made publicly available in contrast to standard resources that are only available upon proper licensing. Alternative resources are either not freely available, such as Snomed-CT, or are very limited in their content, such as the disease ontology [40, 41] . To extract the disease terminology from the Medline distribution, the text has been processed to identify stretches of text that contain words that have been identified in a disease terminology. All chunks have been stemmed, normalized and indexed using Lucene [42] . For a given term, the chunk has been processed with MetaMap to assign the concept identifier and compared against the UMLS resource [43] .
Terms from Medline that do not appear in the primary terminological resource have been normalized. Different orthographic variants have been identified and then normalized to a single base form, i.e. to the same concept unique identifier (CUI) for a single cluster that has been automatically derived from an UMLS term; but not necessarily representing any exact string in UMLS. Orthographic variation includes variation in upper and lower case in particular in capitalizations, minor changes to the punctuation such as the use or lack of hyphens, the identification and normalization of plural forms, and the different variants of Greek letters.
WordNet has been used to accept chunks that could represent synonyms of terms, i.e. ''liver sarcoma'' was accepted as a synonym for liver cancer and assigned an UMLS identifier since ''sarcoma'' is a synonym to ''cancer'' according to WordNet and ''liver cancer'' has been retrieved from UMLS. Note that ''sarcoma'' is a more specific type of a cancer and therefore ''sarcoma'' is a narrower synonym for ''cancer''. As a result, LexEBI delivers term variants to disease terms where the term variant stems from Medline and is fully referenced to UMLS.
Identification of Acronyms and Long-forms from the Scientific Literature
Acronyms are a very interesting set of terms from the scientific literature: they represent terms with high relevance for a given document and -for a smaller number of established acronymsexpose standardized semantics across the whole scientific literature, e.g. DNA (deoxyribonucleic acid) and HIV. They form a set of terms that is not a priori linked to a predefined semantic typeother than chemical entities which can be identified by their syntactical structure or PGNs which have an overrepresentation of specific terms -but they still enable the attribution of a semantic type through the long form of the acronym definition. We use this resource as a means to determine the representation of the different semantic types across the scientific literature.
For our analyses we have extracted acronyms that have been referenced together with their long form in the scientific literature, i.e. in Medline abstracts and in PubmedCentral full text documents [44] . We identified the following two syntactical structures ''abbreviation (long form)'' or'' ''long form (abbreviation)'' using Schwartz-Hearst language patterns which have been evaluated and shown to reach an F1-measure of about 89% [45] . Nonetheless, further research has shown that higher performances can be reached by applying machine-learning solutions either for the acronyms alone (BioADI, up to 90%) or the pairs composed of the abbreviation and its long-form (up to 91% for Ab3P; 91.4% from Yeganova et. al), which was not relevant for our rather limited experiments [46] [47] [48] . In total we collected 2,016,822 unique abbreviations from 9,969,109 occurrences in overall 11,187,291 Medline abstracts. Note, that a single unique abbreviation can be categorized to two or more different semantic types. For example, LPS is an abbreviation representing the baseform ''lipopolysaccharide'', and is linked to entries in ChEBI as well as to entries in GP6 or GP7. The distribution of the abbreviations across the different data resources is shown in table 2. All abbreviations have been matched to the term entries from the different term repositories, i.e. to ChEBI entries or to UniProtKb entries, according to their long-form (LF) that has been mentioned in combination with the short-form in the literature. The frequency of the identified abbreviation-LF pairs has been identified across the whole literature resources, i.e. across BNC and Medline. The abbreviations have been matched against the term variants from the other data resources to identify their terminological counter-parts and interlink them with the other data types. An acronym cluster in LexEBI refers to the long form representation and carries the ACRO tag for identification.
Cross-comparison and Statistics
The terminological resources have undergone cross-comparison using different comparison methods. First, the terms have been compared using exact matching. As an alternative, morphological variation was included (called ''fuzzy match'') that ignored the following variants: First, in the case of a mixed-case term representation with the initial letter in upper-case, the initial letter is also matched against the lower-case variant and vice versa (e.g. Raf vs. raf). Second, a gene or locus named after its associated phenotype may contain the characters of a dash or slash to indicate the wild type or mutant allele, and hence both characters are biologically meaningful, but in other cases they are used synonymously for white space and thus have been ignored during the matching.
Last, for nested tagging, one terminological resource contributed the nested terms and the other one was used for being tagged, i.e. the nested terms have been tagged inside of the tagged termsagain applying either exact or fuzzy matching. The nestedness of a term gives an indication to which extent one terminological resource has a compositional structure that relies on another resources, and possibly even another semantic type. Fig. 1 displays 
Calculating Statistical Parameters Across Medline and BNC
The terminological resources have been used to annotate entities across the whole content of Medline to identify the term frequencies; the same approach has been applied to BNC as well. The availability of term frequencies in the different corpora offer the opportunity to disambiguate terms based on their frequencies in a medical and a general English corpus and -at a later stagethe frequency parameters can be integrated as a discriminatory feature into basic disambiguation techniques or into machinebased classification methods [37] . For example, ''water'' is a chemical entity (CHEBI:15377) and an unspecific term, i.e. it would show high frequencies in Medline and in BNC, whereas Oxytocin (CHEBI:7872, UniProtKb:NEU1 HUMAN, HGNC:8529) is a very specific term and would only show in the medical literature a high term frequency.
Term Representations in the Terminological Resource
LexEBI uses an XML format for the representation and storage of the terminological resource (see method section). Explicit reference are implemented to the preferred term, the term variants, concept identifiers, term frequency in the BNC, in Medline, and the frequency of the term variants. An additional table makes reference to the nestedness of the terms in the resources. Figure 6 . Occurrence of terms in LexEBI according to their length: The terms (baseforms and term variants) from the different resources have been matched against the GP7 terms in LexEBI. The results have been sorted according to the term length (x = 1 to 89) and the frequencies are presented in logarithmic scale (y = 0 to 6.0). After sorting, the results for the terms have been grouped into bins where each bin represents terms of a given length +/21. For GP7 the overall occurrence is given, for the other resources the numbers indicate how many occurrences of a GP7 term contain a term of the alternative resource, e.g. ChEBI. A large portion of GP7 terms do contain ChEBI terms, and -to a lower rate -a disease or a species term. It is obvious that longer terms are more likely to be composed of terms of a different semantic type. According to the annotation guidelines, species terms should not be part of the PGN. doi:10.1371/journal.pone.0075185.g006 
Results
LexEBI collects terms from different public resources and combines them with the help of a standardized format. Furthermore, cross-references have been established between related data entries to support identification of polysemous terms and to make use of different interpretations of a given term. Statistical information about the use of terms in different public literature resources has been added to the data entries. This information can be used to distinguish specialized terms from common English terms [37] . Last, the references to biomedical data resources are kept to enable exploration of additional information linked to the data entries.
In the following sections we will explore the distribution of terms to derive key parameters from the terminological resources describing the Lexeome.
Distribution of PGNs in LexEBI
The terminological resource LexEBI contains 2,729,134 clusters that make reference to a baseform, 13,598,649 term variants and 5,791,531 unique terms in total, where double mentions of the same term (''redundancy'') have not been removed between the different resources (cf. table 1).
For the terminology linked to genes and proteins, two different resources of the same origin have been analyzed, i.e. Biothesaurus 6.0 (called ''GP6'' for Gene/Protein-6) and the next version, i.e. Biothesaurus 7.0 (called ''GP7''). The reason for this comparison is the assumption that the evolution of such semantic resources show growth only to a very limited extent, since the number of entities represented by a term and relevant to the biomedical domain is limited, and it takes time to explore and find novel entities through basic research.
In addition, it is important to characterize the differences between terminological resources, e.g. between GP6 and GP7 and between ChEBI and Jochem, since we do know that a larger terminological resource, e.g. for PGNs, will not necessarily improve the F1-measure of PGN-tagging solutions [37] , which is explained by the fact that a conserved portion of PGNs is already included in smaller PGN terminological resources and this part forms -in contrast to a larger number of term variants -the core of the terminological space for PGNs.
GP6 gives access to 1,564,436 terms and GP7 to 1,726,853 terms. 1,444,247 are shared between both resources using exact matching. This results to 92.3% of the unique terms in GP6 and to 83.6% in GP7, showing that the new version contains a larger number of terms and some terms from the older version have been removed (overall growth rate less than 10%).
PGN variation. When using terminological variation in the comparison, we determine that 1,549,890 (99.1%) of the terms in GP6 can already be matched with the content of GP7, whereas only 1,641,926 (95.1%) of the terms in GP7 can be matched using the content of GP6. This shows that additional term variants have been added to GP7 that show greater morphological variation than the usual morphological variation of genes and proteins. In other words, GP6 covers already a complete version of the terminology related to gene and protein mentions: in total, GP7 contains 27,536 additional clusters or baseforms that account for 162,417 additional unique terms and 643,260 overall term variants (including redundancy).
The terminological resources for genes and proteins show a high number of term variants per cluster, i.e. 8.76 and 7.94 for GP7 and GP6, respectively, and also high numbers of term variants for chemical entities, i.e. 7.07 and 5.82 for Jochem and for ChEBI. Term variation is only of minor importance for species terms (1.31) and for the other resources.
Cross-comparison of Semantic Types Across LexEBI
The content from LexEBI has been analyzed in several forms: (1) the terminological resources have been evaluated against each . 6 ). The left diagram counts all occurrences of a GP7 term in Medline. The term lists has been manually curated to remove senseless terms with high frequencies and all occurrences of a term in a single abstract has only been counted once (''unique terms''). A large portion of GP7 terms do contain ChEBI terms, and to a lower rate a disease or a species term. For the right diagram, every GP7 term has only be counted once across all Medline. It becomes clear that longer PGNs contain mentions of chemical entities, and also species and disease terms, which both may have shared polysemous terms (very similar distribution values). doi:10.1371/journal.pone.0075185.g007
other to quantify polysemous and nested use of terms across terminological resources, and (2) the terms have been extracted from the public scientific biomedical literature to determine the use and distribution of terms in written text.
The degree of polysemous use of terms helps to disambiguate terms at a later stage and in the case of nestedness of terms; we can identify the compositional structure of terms and exploit it for the identification of terms. It can be expected that nestedness occurs more frequently between chemical entities and PGNs and between species and PGNs, but at a lower rate between diseases and chemical entities. The resolution of such nested terms offers new ways of interpreting the terms. More in detail, we would expect that we do not only assign a single label to a term, but would be able to assign labels to its components and eventually read terms similarly to event representations. After all, such an interpretation of terms could mimic the ways how humans read composite terms and would lead to novel indexing approaches that handle complex semantics (see also MedEvi [49] ).
Analysing PGNs. Several resources have been compared against GP6 and GP7. For a complete overview please refer to table 3. The table gives an overview on the terms that are shared between different resources. For example, 150,104 enzyme baseforms from the IntEnz database are already covered in GP6 and this number increases to 173,994 for the GP7. Morphological variation only adds little to the identification of terms (157,099 and 180,829), whereas nestedness adds a bigger portion to the number of matched terms leading to now 178,155 and 202,484 terms for exact matching and 200,921 and 224,877 terms for fuzzy matching of contained terms. By contrast, terms from Interpro occur in the GP6 and GP7 at lower numbers, 88,613 and 93,979 for both resources respectively, but the number increases to a considerable degree, if fuzzy matching or nestedness is considered (cf. fig. 1 ). This shows that the generic terms from Interpro form parts of the terms in GP6 and GP7 in contrast to the terms denoting enzymes.
The increase in matched terms is even stronger, when matching chemical entity terms from Jochem or ChEBI against the PGNs in GP6 and GP7. This shows that the terms from chemical entities have to be considered as compositional components to the gene and protein names. The same observations are even more prominent, if the term variants have been included into the analysis (cf. fig. 1 ). Now the number of term variants identified in GP7 increases beyond 600,000 terms for the exact matching, but stays below the full number of term variants linked to GP7; the absolute numbers for the matched term increases but the relative numbers are below the figures achieved against the baseforms only.
This shows that the added variants have a higher diversity than the labels only.
Analysing chemical entities. Finally, the inverse comparison has been performed, where terms from LexEBI have been tested for their inclusion as nested terms into the terms denoting for example chemical entities and other types (see table 4 ). It becomes clear that ChEBI forms a central role in the composition of terms since chemical entities form part of the baseforms of the Interpro terms and the baseforms from the UMLS terminologies.
The overlap between the resources, i.e. the matching of baseforms and the induced semantic polysemy, remains low. Only enzyme terms are covered from GP7 and GP6 as well as from ChEBI and Jochem. The overlap between ChEBI and Jochem is high by the nature of both resources and remains high when the term variants of both resources are compared (right side of the table).
In total, the content ChEBI is disjoint from the other resources, but also ChEBI terms from part of terms from the other terminological which leads into a good compositional structure of the terminological resources. Enzyme terms form also a unique resource and show little morphological variation. The reuse of enzyme entities in the other terminological resources could be reduced, but does not induce major problems. For Interpro we can identify that it does show significant overlap with GP6 and GP7, which is not unexpected, but it would be advantageous if general Interpro terms, i.e. the protein family terms, would be clearly separate from specific PGNs to reduce hierarchical polysemy.
Nestedness of unique terms according to their type. In the previous studies, we ignored the fact that terms, e.g. for protein and gene entities, have been reused for different entities, i.e. ambiguous terms specifying two different entities are redundant in a terminological resource, but redundancy has to be kept to reference all entities through all their synonyms. In this next step, we have reduced redundancy and have again analyzed which terms of a given type are included in terms of other types, e.g. terms for chemical entities form frequently part of a PGN. Initially we compared only the baseforms of the terms from different resources (cf. table 5). From an ideal perspective, we would expect that baseforms are not shared between semantic types to avoid ambiguity in the concept labels. But, this assumption has to be validated and a different result cannot be excluded, since the resources have been developed independently from each other and ambiguity can only be avoided due to interactions between the different development teams.
We identified that the baseforms do not suffer from polysemy, i.e. the different terminological resources are disjoint with a few exceptions. This is not anymore true, when taking all the term variants into consideration, and -in addition -we find terms of different types contained in other terms. Table 5 gives an overview of the results.
In total only 774 unique chemical entity terms are nested in 16,328 protein/gene terms whereas only 285 chemical entity terms are contained in only 983 disease terms. Species terms are contained as well in PGNs, although the annotation guidelines suggest that species should not be part of the protein name. Disease terms can be part of PGNs as well as species names indicating that a few terms are ambiguous, i.e. belong to the semantic types of species and disease alike. Table 6 lists the most frequent nested terms and their frequencies. In general, the semantics of the nested terms is correctly attributed. The chemical entity terms and the PGNs are specific with a few exceptions, i.e. ''retinal'' and ''group'' for a chemical entity. The disease terms include a few false positive results (''anterior'', ''ganglion'', ''sympathomimetic'') and polysemous acronyms (''hip''). The list of species terms shows a high variety including hypothetical false positive results (''Beta'', ''cis'', ''glycine'', ''helix'') which could all be verified as true positive results for a species. Altogether, any solution that would consider the ambiguous or nested use of the presented terms should be able to improve its annotation results, and would produce a term representation that complies with the interpretation of a term by an expert.
Visualisation of Term Nestedness Per Semantic Type
According to the presented analyses, only a small portion of terms of one type is nested in a larger number of terms of another type. Chemical entities form core elements, PGNs show a high variety and a number of terms are poysemous (or ambiguous) between the species and diseases. To visualize better these results, we have generated graphs for the different semantic types, where the semantic type is color encoded and the inclusion of a term is represented by the ''nested-in'' relation giving the ''graphs of nestedness''.
As expected the smallest number of graphs of nestedness are produced for the chemical entities (cf. fig. 2 ; in total 30; 21 pairs, 6 triplets), i.e. this set of graphs is very sparse. For species (cf. fig. 3 ) there is also a rather small number of graphs and mainly disease terms are nested in the species terms (in total 53; 24 pairs, 6 triplets, 11 with more than 10 nodes). A significantly larger number of graphs have been produced for diseases (cf. fig. 4 ; 520 in total; 320 pairs, 85 triplets, 15 with more than 10 nodes) and the semantic types of the nested terms are either species as well as chemical entities. The largest number graphs and the biggest graphs have been generated for PGNs (cf. fig. 5 ; in total 629, 291 pairs, 104 triplets, 46 with more than 10 nodes). The overview shows that different types of terms are contained and that the complexity of the PGN terminology allows for the inclusion of several nested terms leading to a complex and large graph of nestedness.
Considering term length of PGNs. Fig. 6 gives an overview of the nestedness of terms according to their length in LexEBI. The diagram demonstrates the distribution of terms according to their length and the number of included terms of a different type. These figures demonstrate the amount of terms that would require special treatment in the use of Medline in any information extraction solution. A similar approach has already been tested for GO terms and has also measured the frequency of term inclusions [50] .
Distribution of Terms in Medline and BNC
In the last step of the analysis we have measured the number of terms that can be identified in Medline and the BNC. We expect that biomedical terms appear in the biomedical literature at a higher frequency and more comprehensively than in corpora for general English. Table 7 gives an overview on the distribution of the GP6 and GP7 terms across Medline and the BNC. A large portion of the enzyme terms can be identified from Medline, whereas only a small portion of the Interpro terms have been found. For the whole collection of GP6 and -7, about half of the baseforms can be extracted from the scientific literature. As expected, the same numbers are smaller when identifying the terms across the BleNC, since the BNC corpus is smaller in size. On the other side, the ratio of term variants related to Interpro and enzymes baseforms is considerably larger than on the BNC, which indicates that BNC covers different domain knowledge than Medline.
Distribution of acronyms. LexEBI also provides abbreviations that have been extracted from Medline and PubmedCentral. All abbreviations have been classified to a given type and the long form of the abbreviation serves as baseform. Ta 3 gives an overview to all abbreviations.
It is expected but still remarkable, that disease acronyms, for example ''AD'' and ''CD'' for Alzheimer's and Crohn's Disease, respectively, and acronyms for chemical entities, for example ''LPS'' for Lipopolysaccharide, have the highest occurrence rates, whereas the acronyms of other semantic types have lower occurrence rates. Still the highest number of acronyms is encountered for PGNs, whereas for species only a small number of acronyms are known. For enzymes also a small number can be identified, but this small number covers almost the full domain of enzyme mentions after all.
The distribution of acronyms shows that the high diversity of entities for PGNs and species terms seems to be underrepresented and a core of chemical entity terms, enzyme terms and disease terms play an important role.
Distribution of nested terms across Medline. In the next step, we extracted the GP7 terms from Medline and analyzed the inclusion of terms of different semantic types in the PGNs. This approach should give new insights, how the distribution of compositional terms is across Medline, whether a minimum length to this phenomenon exists and what semantic types are more prone to form part of the PGNs. Similar information can already be derived from the cross-comparison of terms in LexEBI alone (cf. fig. 6 ), but we tried to identify whether the compositional terms show a different distribution than over LexEBI alone.
We distinguished the baseforms and term variants according to their length and sorted them into bins that collect terms of a given length +/21 character difference length. We then measured the distribution of the terms across Medline and the inclusion of terms of a different type into the identified terms. In the first analysis we measured the number of occurrences of a term across Medline. As expected, the frequency of a term declines with the length of a term. The number of terms that make reference to a chemical entity is 0.5 to 1 log scale smaller than the overall number of encountered terms, i.e. at least one term out of 10 contains a term of a chemical entity. Disease and species terms can be found at a lower rate (1-2 log scales) as part of the GP7 terms along all bins containing terms of different lengths.
Distribution of unique terms across medline. In the next step, we removed the most frequent uninformative or polysemous terms, i.e. terms with attribution to two different semantic types, from the term sets, which are mainly the terms ''protein'', ''ATP'' and ''RNA'' in ChEBI and ''Beta'' for a species, which are frequently repeated as part of GP7 terms, but not relevant for this analysis. After removal, we again counted all occurrences, but normalized repeated occurrences in a single Medline abstract to a single count, i.e. we count Medline abstracts containing the given term (called ''unique term''). This solution reduces redundancy, but still gives a representative figure for the distribution of terms across all Medline (cf. fig. 7 , left diagram). We find a distribution that is similar to the previous one, but shows a more even distribution of terms across the different lengths of the terms, indicating that shorter and longer terms are used at similar frequencies, but shorter terms are used more repetitive in single Medline abstracts. Terms with a length bigger than 20 characters show higher degrees of nestedness containing chemical entities, disease or species terms, and terms with a length of less than 50 characters form the biggest portion of terms containing nested other terms.
In the next analysis, we have again normalized the results in such a way that we count an occurring term only once at all, giving an overview on the distribution of terms used in Medline that have included alternative terms (cf. fig. 7, right diagram) . The diagram shows a similar distribution of terms as can be seen in the analysis across LexEBI (cf. fig. 7 ).
Discussion
The Lexeome covers the terms used in the biomedical domain to describe entities. Our study gives an overview on the full set of terms from existing resources and also provides the extracted term set in a standardized format (LexEBI). The analysis illustrates how the composition of biomedical terms reflects the researchers' ways to conceptualize their findings, in particular concerning biomedical entities. These entities play an important role, since they convey the notion of an object with some kind of existence, appearance and well-defined roles and functions and eventually serve as elements for ongoing research.
According to our findings, the baseform of PGNs from the primary data resources are less ambiguous than the term variants, which can be expected. Enzyme terms are hosted in different repositories and are popular term variants leading to the result that normalization requires additional assumptions and input for their disambiguation. PGN family terms are provided from Interpro but the differentiation to PGNs from other resources is not clear-cut inducing ambiguity between different abstraction levels (''vertical ambiguity'').
The literature analysis shows that a small portion of terms, i.e. less than 1,000, form the core of nestedness across a large number terms and that specific patterns of ambiguity can be observed, i.e. ambiguous use of species and disease terms, nestedness of chemical entities in PGNs, and vertical ambiguity. Our graph visualization based on the nestedness relation demonstrates the same result and gives an overview on the complexity of term forms for PGNs. In the case of complex text mining tasks, this complexity has to be resolved to correctly distinguish the different entity types [51] . The evaluation of terms against the scientific literature (Medline) leads to the result that only a small portion of terms are frequently used. This amount may increase when analysing the full-text literature, but large portions of the terminology may still be limited to selective and specialized use [52] . This finding partially reflects our observations that uncommon terms are included in the scientific databases, e.g. hypothetical terms, and on the other side, that term usage varies over time following the topics of the research questions under scrutiny [53, 54] .
The compositional structure of GO labels has been well studied and led to the result that better term representations for the concept labels improve the quality of the ontology [8, 50] . In the case of GO, these considerations have been successful and nowadays GO includes a 'regulate'-relation to better support compositional structures. Further research is making use of these results to improve the extraction of regulatory events from the scientific literature making use of deep semantics from the ontology [55, 56] . We can expect for the future that terminological and ontological resources will provide similar features and similar benefits to the scientific community.
In recent years, the use of ontological resources has gained importance and the amount of available ontological resources has grown to a remarkable level [57] . Often ontologies are exploited as terminological resources, but there is no doubt that ontologies serve the purpose of conceptualizing the scientific domain knowledge whereas scientific databases and terminological resources have more modest objectives [58, 59] .
Ontologies are used to implement the logical framework of the domain knowledge in a formal way, whereas a terminology (or a lexicon) will only index and reference entities and -according to our analysis -define the scope of features representing entities in the biomedical scientific domain (the Lexeome), but fall short to explain the semantics.
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